Abstract
Given this background, we evaluated the MS environmental risk of specific HM such as Co, Cr, Ni, Cu, Pb, and Zn, and of geographical factors such as solar UV exposure and urbanization by undertaking a population-based cross-sectional study in SWS.
Materials and Methods

Epidemiological and environmental data
This population-based cross-sectional study was conducted in SWS (the population and area are detailed in S1 File). MS case identification methods are described elsewhere. [31] . The representativeness of the sample was guaranteed by the population-based study of Sardu et al. (2012) [33] , performed on the comparable population and, following the STROBE guidelines for observational studies [34] , we did not need to determine the sample size.
All MS patients gave their written informed consent to the study. The study procedures were in accordance with the Declaration of Helsinki and the study protocol was approved by the Ethical Committee of the province of Cagliari.
The study considered potential environmental risk factors, classified by their geochemical and geographical nature and defined in the 25 SWS municipalities (Fig 1) . We collected six HM (Co, Cr, Cu, Ni, Pb, Zn), which were revealed by geochemical samplings (Fig 1) , and also a proxy of UV exposure (% of the municipal areas exposed to the south) and urbanization (% of urban area included in the municipal area), revealed by Geographic Information System processing (data collection is detailed in S2 File).
The epidemiological and environmental data matrix was created with a disaggregated structure, where the statistical units were the inhabitants of the study area. For each subject sex, age (classified in 21 five-year age classes), municipality of residence, the relative concentrations (in parts per million), UV exposure and % of urbanization were collected.
Statistical analysis
To evaluate the marginal fixed effects of each potential risk factor (predictors), detached Generalized Linear Mixed Models (GLMMs with canonical link logit) [35] were fitted on an MS presence-vs-absence response variable. A hierarchical random effect on the municipality of residence was also included in the models to improve the fit. The model parameters were tested with the z-test. When the variability among the municipalities (random effect) was equal to zero or very small, the GLMM was reduced to a multiple logistic regression model. In addition, in order to detect multicollinearity and potential measured confounders, the pairwise associations between potential risk factors were also evaluated through Pearson correlation coefficients (r) and GLMMs as appropriate. Since HM concentrations were highly correlated, in order to reduce multicollinearity and confounding criticalities we applied a principal component analysis (PCA) [36] by synthetizing those (standardized) predictors, following Zuur et al. [37] and Suryanarayana et al. [38] . Moreover, we applied an orthogonal rotation (varimax) to the component loading matrix to obtain a simpler structure and improve interpretability. The derived "HM patterns" were quantitatively labeled according to those HM that correlated (component loadings) and loaded (component coefficients) mainly on the respective principal components, that are non-correlated between them.
Finally, we performed a multivariable GLMM (with canonical link logit) to evaluate the conditional fixed effects of the potential risk factors on MS, together with the HM principal component scores returned by the PCA. We estimated conditional fixed effects because they are the expected values, which depend on the level of the other predictors included in the model. Furthermore, we carried out an Akaike Information Criterion (AIC) model selection procedure, using a forward strategy by adding predictors to the null model. The selected GLMM had the lowest AIC. At this stage, the fixed effects of the predictors on the outcome variable are conditional; that is, we obtain the expected outcome variation (in OR terms) per unit increase of predictor, keeping fixed the others in the built-in model.
The exponential transformation of the GLMM parameters associated with the potential risk factors allowed more easily interpretable ORs to be obtained, on which P-values, 95% CIs and the measures of effect size (ES) [39] were calculated. ESs were computed to provide an estimate of the magnitude of the effects (on MS), resistant to sample size influence, whose cut-off conventions are: small if it is close to 0.2, medium if close to 0.5, and large if close to 0.8 [40] .
In order to account for the very large number of the control subjects and to reduce the likelihood of identifying a statistically significant association by chance, the P-values < 0.01 were considered statistically significant, with P between 0.01 and 0.05 considered indicative of a suspect statistical significance.
Calculations were carried out using the statistical software R, version 3.2.1 [41] , and its packages lme4, [42] Psych [43] and car. [44] Results MS cases as well as HM, urbanization and UV exposure data presented an unbalanced distribution among SWS municipalities, [31] generating MS geo-environmental risk hypotheses (MS prevalence and HM concentration patterns were detailed by municipality in S1 and S3 Files).
We first tested the marginal fixed effects of the potential risk factors, i.e., Co, Cr, Cu, Ni, Pb, Zn, sun UV exposure and urbanization, sex and age on MS, in terms of crude ORs, adjusted only for the municipal random effect ( Significance tests were also performed on Pearson correlation coefficients between HM, producing P-values smaller than 0.001 (except for Cr-Zn correlation, whose P-value was equal to 0.079) because of the high sample size (n = 138,765).
Therefore, to perform the multivariable GLMM on MS we first applied a PCA on HM. The PCA statistics, i.e., eigenvalue>1, Horn's parallel analysis, the very simple structure (VSS) complexity 1 = 0.90 and the scree plot (Fig 2) identified two principal components. Table 2 shows the component loadings and coefficients (i.e., the correlation between the principal component and HM and the coefficient of the standardized HM in the principal component equation, respectively), for the two retained components after the varimax rotation. These components accounted for about 86% of the total variance in the original data. The magnitude of each loading and coefficient indicates the importance of the corresponding HM to the component. Cu is moderately correlated with both the first and second component (Table 2) , and it does not univocally cluster. Since Cu is the only HM to have a significant marginal fixed effect on MS, we decided not to include it in PCA data reduction. Therefore, we ran the PCA again, with improved results: the VSS complexity 1 = 0.98, the proportion of explained variance = 0.91, and the new loadings are shown in Table 2 , while the new scree plot appears in Fig 2. The first component, labeled 'basic rocks', had the greatest loadings on Ni, Cr, and Co; the second component, labeled 'ore deposits', had the greatest loadings on Pb and Zn. Consequently, we computed the two standardized component scores (the higher the scores, the greater the HM compound concentration), which were interpreted as a quantitative measure of the concentration of "basic rocks" and "ore deposits" and included in the predictor set, together with Cu, for the next GLMM analysis to evaluate the conditional fixed effects on MS.
Concerning the correlations among the HM, from a geochemical point of view, Co-Cr-Ni associations (i.e., the first principal component score) are well known. Indeed, these associations are typical of the so-called "basic or ultrabasic rocks", that is, rocks with a comparatively low Silica content. There is a nearly total correspondence between high values for Co-Cr-Ni and the occurrence of these rocks. In addition, as previously described, the area is particularly rich in Pb-Zn ore bodies, and thus the second principal component score is closely related to those ores.
Finally, the predictor set of the multivariable GLMM included the two principal component scores, Cu, sex and age, and the two municipal percentages. Sex was included because its marginal fixed effect on MS was significant, while age was included as an adjustment covariate because of its biological relevance. Table 3 shows the fitted models. The selected model (Model 3) did not encompass the predictors 'basic rocks' and the two UV exposure and urbanization The bold values relate the representative heavy metals allocated to the two PCs. In addition, in order to check again the multicollinearity of the selected GLMM, we computed the generalized variance inflation factors (gVIF) [35] for each predictor: all the explanatory variables returned a gVIF less than 2, thereby confirming the adequacy of the model regarding its parameter estimates.
Discussion
Taking advantage of the availability of reliable MS epidemiological, geographical and geochemical data in SWS, we performed a population-based cross-sectional study to explore geo- environmental risk hypotheses generated from the evidence of high and non-homogeneous MS prevalence in SWS. We obtained associations of Cu levels and sex with MS distribution. In particular, we found that when Cu concentrations increase by 50 ppm, the adjusted MS odds are almost 3 times higher. Moreover, among the HM searched for in the study area, the geographical distribution of Cu levels (S3 File) turned out to be well associated with the peculiar MS prevalence in two villages of SWS. [31] Specifically, the village of Domusnovas has a high value of Cu (64.12 ±18.44 ppm) and a high MS prevalence (431 per 100,000), while the low MS prevalence in Carloforte is associated with low Cu (10.24±18.26 ppm) . It has been recently demonstrated that the Sardinian general population presents a high MS genetic load with respect to other Italian populations. [30] No reason for the genetic differences with respect to other Sardinians exists in Domusnovas; conversely, people living in Carloforte (of Tabarkin origin) have a different genetic background. However, it could be hypothesized that environmental factors, such as Cu levels in the environment, along with the expression of genetic variants present in the two populations and based on a specific environmental trigger (as recently evidenced for Vitamin D levels), [45] may play a role in MS differences in the two villages.
Therefore, the possible association of Cu and MS has some biologically plausible basis. Cu homeostasis is fundamental in maintaining the essential function of enzymes and in avoiding the generation of toxic reactive oxygen species. In particular, Cu excess could be detrimental to the brain function and has been associated with the neurodegenerative process in humans. [46] The co-association of MS with Wilson's disease has been reported in a few cases [47] ; moreover, high Cu levels in the cerebrospinal fluid (CSF) have been associated with the demyelinating process in both the central and peripheral nervous systems regarding Skogholt disease. [48] Additionally, one of the most relevant animal models of demyelination is obtained by the administration of cuprizone, [49] a Cu chelating mitochondrial toxin causing oligodendrocytes apoptosis and demyelination in the CNS. [50] Furthermore, the use of clioquinol, a Cu/Zn chelator, determined a reduction of the white matter damage in the spinal cord of an MS model in mice. [51] In addition, the environmental component as measured by Cu levels has been dosed in different biological matrices (CSF, blood, hairs) of MS patients and controls, but no definitive results have been reached [17, 18, 20, [22] [23] [24] , probably because of the small sample sizes.
Concerning the sex effect, our results are in line with the well-known sex bias in MS. In recent decades there has been some evidence of an increase in the sex gap in MS; [4] interestingly, in Crete a marked increase in MS incidence has been described, especially among women living in urban areas or who have moved at a young age from rural to urban areas. [5] However, the way in which the female sex and Cu levels could influence MS risk or interact is elusive, and we cannot speculate on this due to the geo-environmental nature of this study. Moreover, it is interesting to note that the observed excess of MS risk in males from Domusnovas [28] could not be explained only by the Cu values in the territory. We are planning further studies to try to answer this question. Finally, we also included UV exposure and urbanization, but these factors did not turn out to be significantly associated with the MS distribution.
This study was performed using a population-based study design in a very well-characterized and informative area; the epidemiological data used is very reliable since it derived not only from administrative sources but also from a matching with clinical data collected by MS specialists. It should be noted that very few studies have looked for the association between MS and metals at population levels; [25] [26] [27] [28] similarly, it has recently been suggested that the causes of MS are pervasive across all population groups, and investigating etiological factors operating at the population level could be more informative than searching for local-level causes of the disease. [52] . Finally, the ultimate fixed effects of the MS risk factors reported were conditional (by using GLMM, which also included a hierarchical random effect on the municipality of residence). This contributed to a decrease in the heterogeneity bias, a common error in observational studies that might cause contradictions.
On the other hand, we have to take into consideration some limitations of the research and the fact that the results are not conclusive but should be considered cautiously as hypothesis generating. Data should be confirmed for the whole island and also for different geographic regions. Furthermore, we have suggested there is an association at the population level but not at the individual one. This issue suggests caution in generalizing these results to a world-wide level, and a case-control study is underway comparing HM levels in biological samples from MS and healthy individuals.
In addition, it is also important to underline that we considered MS prevalence data, which gives an idea of momentary but not past environmental exposures, which instead incidence data can reveal, being closer in time to the onset moment. Moreover, the present model of analysis does not take into account other factors that potentially influence MS occurrence, such as smoking habits, EBV positivity, vitamin D levels, and specific genetic factors; however we are planning to consider these in a future analysis. For example, confirmatory statistical models, in a multivariate Structural Equation Models framework, [53] might be useful to model geneenvironment interactions by evaluating the causal effects of (selected) environmental factors on MS, mediated and/or moderated by (selected) genetic markers.
Finally, since this is an observational study, it is worth pointing out any issues concerning potential unmeasured confounders. As is well known in the mineral prospecting field, in the natural environment some elements are highly intercorrelated. Moreover, some elements associated within the same group are geochemically more mobile than others, and this higher mobility is used in the mineral prospecting field to identify, sometimes kilometers upstream, mineral deposits for the less-mobile elements. This also means that analytical information about a given element is available in a territory whose lithological and mining characteristics are known. Therefore, the diffusion of other associated elements can be hypothesized with a good degree of approximation. In this specific case, data of a limited number of elements was processed, and Cu was found to have a significant effect on MS. However, we must consider the other elements associated with Cu in the local geological context, even if they were unmeasured. This fact clearly brings out that it will take more studies before this fact can be better explained. Resources: MCM PV EC.
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